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Abstract. The Western Mediterranean (WM) is a recognised climate change hotspot where regional temperature and 10 

precipitation trends reflect the interplay between anthropogenic forcing and strong internal variability. In this study, the 

detection and attribution of seasonal temperature and precipitation changes during 1951–2020 across climatically derived 

subregions of the WM is investigated using a multi-method framework and CMIP6 DAMIP single-forcing experiments. 

Prior to attribution, models were evaluated according to their ability to reproduce the observed spatial structure of regional 

trends, and a performance-based subset was selected for the analysis. Detection and attribution were assessed using 15 

complementary approaches, including the signal-to-noise ratio (SNR), the fraction of attributable risk (FAR), distribution-

based comparisons, and an optimal fingerprinting additive decomposition framework. Results reveal a robust anthropogenic 

imprint on temperature trends across the WM. Forced temperature signals emerge clearly from internal variability in all 

subregions, with FAR values exceeding 0.95 in most cases. Greenhouse gas forcing is identified as the dominant driver of 

the observed warming, especially in summer, while anthropogenic aerosols exert a compensating cooling influence that 20 

partially offsets it. In contrast, precipitation trends remain largely within the bounds of internal variability. None of the 

detection approaches identifies a robust externally forced precipitation signal at the regional scale, and attribution results 

suggest that internal variability remains the primary driver of observed precipitation changes during the study period. These 

findings highlight the importance of subregional-scale attribution and model performance filtering in reducing uncertainties, 

providing a basis for future attribution studies in this highly vulnerable region. 25 

1 Introduction  

The Western Mediterranean (WM) is widely recognised as a climate change hotspot due to its accelerated warming signal 

and high socio-ecological vulnerability (Cos et al., 2022; Cramer et al., 2018; Tuel & Eltahir, 2020). Climate projections 

indicate regional warming rates exceeding the global average, together with a reduction in water availability, amplifying 

hydroclimatic stress in a region already characterised by hot, dry summers (Ali et al., 2022). In addition to rising 30 
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temperatures, projected changes in extremes, including more frequent heatwaves, rising sea levels and shifts in precipitation 

regimes, pose growing risks to ecosystems, water resources and key economic sectors across southern Europe and northern 

Africa (Cramer et al., 2018; Driouech et al., 2020). 

 

Changes in regional temperature have been documented on decadal to multidecadal scales. Radiative forcing from 35 

anthropogenic greenhouse gases (GHG) is generally addressed as the main external factor of warming (Feng et al., 2022; 

Stott, 2003; Urdiales-Flores et al., 2023; Van Oldenborgh et al., 2009). Other processes may further modulate this warming 

signal. For instance, reductions in anthropogenic aerosol emissions since the late twentieth century have been associated with 

increased surface solar radiation (“brightening”), which may have contributed to accelerated warming in parts of the 

Mediterranean Basin since ~1980s (Nabat et al., 2014; Philipona et al., 2009; Schumacher et al., 2024). Land-atmosphere 40 

interactions, including soil moisture feedbacks during summer, may also amplify regional temperature changes and 

contribute to the spatial heterogeneity of warming across the region (Urdiales-Flores et al., 2023). Furthermore, analyses 

based on reanalysis data further indicate pronounced spatial and seasonal contrasts in the warming signal; for example, the 

strongest warming since the mid-twentieth century is found over the Iberian Peninsula and northern Africa during summer, 

where long-term trends account for more than 60% of the total temperature variance (Campos et al., 2025). 45 

 

The WM region exhibits strong interannual to multidecadal precipitation variability. The sign and magnitude of precipitation 

trends vary depending on the period and season considered (Cherif et al., 2020; Mariotti et al., 2015). Despite this strong 

variability, a number of studies report evidence of a reduction in precipitation during the second half of the twentieth 

century. In particular, several analyses identify a decline in precipitation from the late 1950s onwards, most prominently 50 

during the cold season in the western part of the region (Campos et al., 2025; Hoerling et al., 2012; Seager et al., 2025; 

Xoplaki et al., 2004). However, the magnitude and spatial structure of this signal vary across datasets, and differences 

emerge depending on whether analyses rely on gridded datasets or atmospheric reanalysis products. Analyses of long 

observational records across the Mediterranean basin indicate that precipitation trends are highly dependent on the period 

analysed and show strong spatial heterogeneity (González‐Hidalgo & Vicente‐Serrano, 2025; Vicente-Serrano et al., 2025). 55 

While declines in winter precipitation are observed between roughly the 1950s and 2020s, several regions have experienced 

partial recovery or positive trends since the late twentieth century. Precipitation trends are often weak or statistically 

insignificant, suggesting that multi-decadal variability may dominate the observed hydroclimatic evolution of the WM 

(Lionello et al., 2012; Peña-Angulo et al., 2020; Vicente-Serrano et al., 2025). 

 60 

The drivers of these hydroclimatic changes remain actively debated. Several studies emphasize the role of atmospheric 

circulation and internal variability (e.g., Campos et al., 2025; Mariotti et al., 2015; Olmo et al., 2024; Seager et al., 2025; 

Vicente-Serrano et al., 2025), while other studies argue that anthropogenic forcing may also play a role, consistent with 

climate model projections that indicate a robust decline in Mediterranean precipitation under continued radiative forcing 
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(Christidis & Stott, 2021, 2022; Hoerling et al., 2012; Mariotti et al., 2008; Olmo et al., 2025; Seager et al., 2014, 2024). 65 

Indeed, projections from successive generations of climate models consistently identify the Mediterranean basin as a climate 

change “hotspot”, characterised by strong warming and a pronounced reduction in precipitation over the twenty-first century 

(Carvalho et al., 2022; Cos et al., 2022b; Giorgi & Lionello, 2008; Tarín‐Carrasco et al., 2025). Reconciling these model 

projections with the complex and sometimes contradictory signals found in the historical record, therefore, remains an 

important challenge for understanding Mediterranean hydroclimate change. 70 

 

Most attribution methods rely on climate model simulations (Allen & Stott, 2003; Hawkins & Sutton, 2012; Ribes et al., 

2017; Ribes & Terray, 2013). According to the Sixth Assessment Report of the Intergovernmental Panel on Climate Change 

(AR6, IPCC), the model ensemble from the Coupled Model Intercomparison Project Phase 6 (CMIP6) reproduces the global 

temperature trends with biases small enough to support detection and attribution studies (IPCC, 2022). However, at a 75 

regional scale, models may exhibit errors in the spatial and temporal patterns of the response to external forcings, or in the 

representation of internal variability, which can result in a mismatch between observed and simulated climate responses 

(Ribes & Terray, 2013). This issue is particularly relevant for hydroclimatic variables such as precipitation, where CMIP 

models often struggle to reproduce the spatial patterns and magnitude of observed trends (Donat et al., 2023), partly due to 

the strong internal variability that characterises regional precipitation (Vicente-Serrano et al., 2022, 2025). As in other 80 

applications –such as statistical downscaling or formulating regional projections– filtering model ensembles based on 

specific performance criteria (e.g., realistic representation of climate variability or long-term trends) has proven useful for 

controlling spread (McSweeney et al., 2015; Merrifield et al., 2023; Olmo et al., 2025; Palmer et al., 2023). Applying similar 

filtering approaches in attribution studies may therefore help reduce the risk of misleading conclusions arising from model 

biases or unrealistic representations of regional variability. 85 

 

This study aims to assess the detectability and attribution of recent hydroclimatic trends in the WM by analysing long-term 

seasonal trends in temperature and precipitation during the 1951-2020 period. This period is particularly relevant because it 

encompasses both the rapid increase in anthropogenic radiative forcing and the pronounced decadal variability documented 

in the WM hydroclimate (Mariotti et al., 2015). Given the strong spatial heterogeneity of observed climate trends across the 90 

Mediterranean basin, we focus on the analysis of sub-regional patterns within the WM (10°W–25°E, 33°–45°N), allowing 

the spatial structure of the observed changes to be examined in greater detail. This information is critical for interpreting 

recent hydroclimatic changes in the region and for assessing the robustness of projected future changes. 

 

We apply multiple detection and attribution methodologies using simulations from the CMIP6, including the single-forcing 95 

experiments from the Detection and Attribution Model Intercomparison Project (DAMIP; Gillett et al., 2016), which have 

been relatively under-utilised in studies of Mediterranean hydroclimate. A consistent methodological framework is applied 

across variables, seasons, and sub-regions, enabling a direct comparison between temperature and precipitation responses. 
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The paper is organised as follows: Section 2 describes the data and methods used in the analysis; Sect. 3 presents the results 

of the different detection and attribution approaches; and Sect. 4 discusses the main findings in the context of previous 100 

literature. 

2 Data and Methods  

2.1 Data and model evaluation 

For this study, monthly observational and simulated temperature and precipitation data have been used for the WM region 

(10°W-25°E; 33°-45°N; see Fig. 1i). For temperature, data were taken from the ECMWF Reanalysis version 5 (ERA5, 105 

Hersbach et al., 2020), Berkeley Earth (Rohde & Hausfather, 2020) and the Climate Research Unit version TS4.07 (CRU; 

Harris et al., 2020), while for precipitation, ERA5, CRU and the Global Precipitation Climatology Centre version 2022 

(GPCC; Schneider et al., 2022) databases were used. Additionally, monthly temperature and precipitation data were derived 

from daily values for a set of ground stations obtained from the European Climate Assessment & Dataset (ECA&D) project 

(Klein Tank et al., 2002) and from the Daily Global Historical Climatology Network (GHCN-Daily) Version 3 (Menne et al., 110 

2012) of NOAA-NCEI. A quality assessment was applied to the ground stations, retaining those with at least 70% of the 

years containing 70% of the daily records (Table S1 in the Supplement). 

 

Monthly temperature and precipitation data were obtained from CMIP6 simulations. The Historical CMIP6 experiments 

span from 1850 to 2014 (Eyring et al., 2016); therefore, to complete the 1951-2020 period, the time series were extended 115 

using the SSP2-4.5 future scenario (Riahi et al., 2017). Additionally, a 500-year pre-industrial time series was obtained for 

each model from its piControl simulations. These simulations represent climate variability in the absence of external forcing 

and were used to estimate the magnitude of internal variability. Historical single-forced simulation data from the DAMIP 

experiments (Gillett et al., 2016) were used. The experiments considered in this study are the well-mixed greenhouse-gas-

only (GHG-only), anthropogenic-aerosol-only (AAer-only), and natural-only (Nat-only) scenarios. For the AAer-only runs, 120 

BC, OC, SO2, SO4, NOx, NH3, CO, and NMVOC are considered. Similarly, for the Nat-only experiments, solar irradiance 

and stratospheric aerosols are included. For details, see Gillett et al. (2016). A total of 11 CMIP6 models providing the 

historical, DAMIP single-forcing experiments, and piControl simulations were selected for this study (Table 1). The number 

of simulations for each experiment and model is detailed in Table 1. All data from the models were regridded to a common 

1° x 1° grid using linear interpolation with the Earth System Model Evaluation Tool (ESMValTool; Righi et al., 2020). 125 

 
Table 1: CMIP6 models used in this study and the number of members. 

Model Native 

Resolution 

Number of ensemble members Reference 

Historical + 

SSP2-4.5 

GHG-only AAer-only Nat-only 
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ACCESS-CM2 1.25° x 1.875° 3 3 3 3 Ziehn et al. (2020) 

ACCESS-ESM1-5 1.25° x 1.875° 3 3 3 3 Ziehn et al. (2020) 

BCC-CSM2-MR 1.125° x 1.125° 3 3 3 3 Wu et al. (2021) 

CNRM-CM6-1 1.406° x 1.406° 10 10 10 10 Voldoire et al., (2019) 

CanESM5 2.812° x 2.812° 15 15 15 15 Swart et al. (2019) 

FGOALS-g3 2.25° x 2.0° 3 3 3 3 Li et al. (2020) 

HadGEM3-GC31-LL 1.25° x 1.875° 4 34 34 34 Andrews et al. (2020) 

IPSL-CM6A-LR 1.25° x 2.5° 6 10 10 10 Boucher et al. (2020) 

MIROC6 1.406° x 1.406° 10 10 10 10 Tatebe et al. (2019) 

MRI-ESM2-0 1.125° x 1.125° 5 5 5 5 Yukimoto et al. (2019) 

NorESM2-LM 1.25° x 3.75° 3 3 3 3 Bentsen et al. (2013) 

 

To account for the heterogeneity in temperature and precipitation trends in the WM, the region was divided into nine sub-

regions following Campos et al. (2025) (Fig. 1i). This clustering was derived from monthly temperature and precipitation 130 

data that were first reduced via empirical orthogonal functions (EOFs). EOFs retaining 90% of the total temporal variance 

were selected and used as input for a k-means clustering procedure. Monthly time series for each cluster were calculated 

using the median of all grid cells within the cluster. To evaluate whether both models and observational datasets can 

distinguish these sub-regions, the rank-sum test (Mann & Whitney, 1947) was applied to the monthly temperature and 

precipitation distributions with a 5% significance level. This analysis was complemented by a comparison of sub-regional 135 

means and variances to further characterise the differences among clusters. 

 

Sub-regional trends, which summarise the spatial patterns of temperature and precipitation across the WM, provide a basis 

for assessing models' ability to reproduce these patterns. Taylor diagrams were drawn to quantify the statistical similarity 

between the ERA5-based reference pattern and the different models, reporting Pearson correlation, normalised standard 140 

deviation, and root-mean-square error (Taylor, 2001), allowing the selection of models that better reproduce the observed 

spatial variability before performing attribution analyses. The analysis included n = 36 data points (nine regions × four 

seasons), with ERA5 serving as the observational reference and the ensemble mean of each model as the input (Fig. S1 in the 

Supplement). ERA5 was used in this step because the regionalisation framework of Campos et al. (2025) was originally 

derived from this dataset. The subsequent detection and attribution analyses do not rely exclusively on ERA5 and instead 145 

consider multiple observational products. Although ERA5 does not directly assimilate precipitation observations, previous 

studies have shown that it reproduces the interannual variability and long-term trends of Mediterranean precipitation 

reasonably well when compared with observation-based datasets (Campos et al., 2025; Seager et al., 2025), despite spatial 

discrepancies. 

 150 

Based on the results of the Taylor diagrams, a subset of models was selected for temperature and precipitation for subsequent 

detection and attribution analyses. 
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2.2 Detection and attribution methods 

To assess whether signals of temperature and precipitation change have emerged from climate models’ internal variability in 155 

recent decades, a signal-to-noise ratio (SNR) framework was applied (e.g., Chemke & Coumou, 2024). The signal was 

defined as the ensemble-mean simulated trend in temperature and precipitation from 1951 to each year over the 1951–2020 

period. Trends were estimated using Sen’s slope derived from the Mann-Kendall test (Wilks, 2019). The noise was estimated 

from pre-industrial control simulations as the standard deviation of trends of the same length as the signal, thereby 

accounting for the dependence of internal variability of the trend for a specific time series length. These trends were 160 

computed using all possible overlapping segments within each control simulation. The SNR was calculated as the ratio of the 

slope of the ensemble-mean forced trend to the standard deviation of slopes from all overlapping segments of the same 

length in the control simulations. Additionally, a time of emergence (ToE) approach (Hawkins & Sutton, 2012) was used to 

determine when the simulated trends emerge from internal variability. The ToE was defined as the first year in which the 

magnitude of the signal consistently exceeded twice the standard deviation of internal variability (|SNR| > 2). 165 

 

To assess whether climate models reproduce the magnitude and sign of observed sub-regional trends, a classification 

framework based on Knutson & Zeng (2018) was applied. For each region, season, and trend length, observed trends were 

compared with the distributions of trends simulated under natural-only (Nat-only) and all-forcing (Historical) experiments. 

Detection was defined following Knutson & Zeng (2018) as the combination of statistical distinguishability from natural 170 

variability and consistency in sign with the simulated forced response. In this framework, the observed trend is evaluated 

against distributions of model-simulated trends: Nat-only simulations are used to estimate the range of trends arising from 

internal variability, while the multi-model ensemble mean of the Historical simulations represents the expected forced 

response. Specifically, an observed trend was considered detectable if it lies outside the 5th–95th percentile range of the Nat-

only distribution and has the same sign as the multi-model ensemble mean of the all-forcing simulations. Trends that do not 175 

meet these criteria were classified either as not detectable (category 0) or as sign-inconsistent cases (categories ±4). The sign 

of each category (+ or –) indicates the direction of the observed trend (positive or negative). To assess detectable trends, 

consistency with model-simulated forced responses was further evaluated by comparing them with the all-forcing 

distribution and the ensemble-mean response. Categories ±2 correspond to detectable trends that are consistent with the 

range of simulated all-forcing responses. Categories ±1 correspond to detectable trends that are weaker than the ensemble-180 

mean forced response but remain distinguishable from natural variability. Categories ±3 identify detectable trends that are 

inconsistent with the all-forcing distribution, indicating discrepancies in magnitude. Categories ±4 correspond to cases where 

the observed trend has the opposite sign to the simulated forced response, representing a fundamental model–observation 

inconsistency. See Supplementary Figure 1 for a diagram illustrating these criteria. 

 185 
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To attribute observed trends in the WM to anthropogenic emissions, the fraction of attributable risk (FAR) framework (Stott 

et al., 2016) was applied to the sub-regional trends. Trends over the 1951-2020 period were computed for all ensemble 

members from the selected model subsets, using both the Historical and Nat-only experiments. For each experiment, 

Gaussian distributions were fitted to the ensemble of simulated trends. These distributions were used to estimate the 

probability of exceedance of the observed trends (from ERA5, CRU and Berkeley Earth for temperature, and ERA5, CRU 190 

and GPCC for precipitation), accounting for the sign of the trend (i.e., upper-tail probabilities for positive trends and lower-

tail probabilities for negative trends). The probability under all forcings is denoted PALL, and under Natl-only forcing, 

PNAT. The FAR was then computed as FAR = 1 - PNAT / PALL, representing the fraction of the probability of occurrence 

attributable to anthropogenic forcing. A FAR greater than 0.5 indicates that simulations including anthropogenic forcing 

produce trends of this magnitude at least twice as frequently as simulations with natural forcing only. To account for 195 

sampling uncertainty, a bootstrap resampling procedure was applied to the model ensembles, and FAR estimates are reported 

as the median and associated percentile ranges across bootstrap realisations. To further assess the robustness of the FAR 

estimates, a Kolmogorov-Smirnov (KS) test was applied to the distributions of trends from the Historical and Nat-only 

simulations. The null hypothesis is that the two samples are drawn from the same underlying distribution (Wilks, 2019). 

 200 

The classification framework provides a qualitative assessment of detectability and model consistency, while the FAR 

analysis offers a complementary probabilistic quantification of anthropogenic influence on the observed trends. 

 

2.3 Contributions by external forcings 

To investigate the contributions of individual external forcings on recent trends over the WM (in this case, greenhouse gases, 205 

anthropogenic aerosols, and natural forcings), a statistical detection and attribution framework based on additive 

decomposition and maximum likelihood estimation was used. This approach was proposed by Ribes et al. (2017) as an 

alternative to the optimal fingerprints based on linear regression (e.g., Allen & Stott, 2003; Hegerl et al., 2011; Ribes et al., 

2013) and has been applied in studies at the sub-regional scale (De Abreu et al., 2019). 

 210 

The method is based on the additivity assumption, in which 𝑌∗ represents the true observed climate response of the climate 

system to a number (𝑛𝑓) of true individual external forcings (𝑋𝑖∗) taken together as: 

 

𝑌∗ = ∑ 𝑋𝑖∗+,
-./                                             (1) 

𝑌 = 𝑌∗ + 𝜀𝑦,																	𝜀𝑦~𝑁(0, Σ𝑦)                      (2) 215 

𝑋𝑖 = 𝑋𝑖∗ + 𝜀𝑥,											𝜀𝑥~𝑁(0, Σ𝑥-)										𝑖 = 1,… , 𝑛𝑓                         (3) 
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where 𝑌 is the observation vector with y observational uncertainty, and 𝑋𝑖 is the simulated individual forcing vector with 𝑥 

model uncertainty, with their respective covariance matrices 𝑦 and 𝑥-. It is assumed that observational uncertainty arises 

from internal variability, while model uncertainty includes both internal variability and structural model uncertainty. Both 220 

uncertainty distributions are assumed Gaussian, so 𝑋𝑖∗ and 𝑌∗ can be estimated using maximum likelihood estimators (MLE, 

𝑌<∗ and 𝑋𝚤>∗) as described in Ribes et al. (2017). As in De Abreu et al. (2019), the consistency with internal variability, as well 

as with different sets of external forcings, is assessed using a 𝜒@ test (Wilks, 2006). 

 

Trends are estimated from the best estimates 𝑌<∗ and 𝑋𝚤>∗. Confidence intervals are then constructed by computing trends from 225 

4000 realisations drawn from multivariate normal distributions, using the mean and covariance matrices of 𝑌<∗ and 𝑋𝚤>∗, 

respectively. 

 

In this study, the observation vector 𝑌 was constructed from observational datasets by averaging across them to reduce 

dataset-specific uncertainties and enhance the robustness of the estimated signal. The simulated individual forcing vectors 𝑋𝑖 230 

were obtained from the DAMIP experiments, using the model subset. The number of ensemble members per model is 

provided in Table 1. Similarly, the internal variability matrix (𝑍) was obtained from the pre-industrial control runs and is 

used to obtain the covariance matrices of internal variability. The vectors 𝑌, 𝑋𝑖, 𝑍 were then obtained using the decadal 

averages for each season and sub-region in the WM region. 

 235 

The analysis was performed using the Python package described in De Abreu et al. (2019), which is publicly available on 

GitHub (https://github.com/rafaelcabreu/attribution/). 

3 Results 

Observed and simulated temperature and precipitation trends over the Western Mediterranean (WM) for 1951-2020 are 

shown in Fig. 1. For temperature (Fig. 1a-d), both reanalysis (ERA5) and station data consistently indicate widespread 240 

warming across the domain, with stronger trends in summer (JJA) than in winter (DJF). The spatial pattern is not fully 

homogeneous; the most pronounced warming is found over the Iberian Peninsula and North Africa, although some 

differences in magnitude between ERA5 and station observations in some regions are observed. Despite these differences, 

the overall agreement in the sign of the trends is robust across observational datasets. In contrast, the multi-model ensemble 

mean exhibits a spatially smoother warming pattern, with positive trends across the entire WM in both seasons and an 245 

amplified summer signal. This homogenization is consistent with the averaging across models, which tends to damp regional 

contrasts. Model agreement for temperature is high across most of the domain, with the ensemble-mean signal generally 

exceeding the inter-model spread, indicating a robust and spatially coherent warming response (Fig. 1b,d). 
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 250 
Figure 1: Observed and simulated trends of temperature and precipitation over the Western Mediterranean (WM) for the 1951–

2020 period. Panels (a–d) show temperature trends and panels (e–h) precipitation trends. Observations are shown in the left 

column ((a), (c), (e), (g)), with ERA5 represented by shading and ground-based station data by coloured circles. Simulated trends 

are shown in the right column ((b), (d), (f), (h)) as the multi-model ensemble mean. In the model panels, regions where the 

ensemble-mean trend does not exceed the inter-model spread are masked, indicating low agreement among models and reduced 255 
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robustness of the simulated signal. Panels (a–b) and (e–f) correspond to winter (DJF), while panels (c–d) and (g–h) correspond to 

summer (JJA). Panel (i) shows the sub-regional clustering of the WMed used in this study, following Campos et al. (2025).  

 

For precipitation (Fig.1e-h), the trends exhibit a more heterogeneous spatial pattern than those for temperature. In winter, 

both ERA5 and station data indicate a predominance of drying signals, especially over the western WM, including the 260 

Iberian Peninsula and North Africa, where agreement between datasets is the highest. In summer, however, precipitation 

trends are more spatially variable, with alternating regions of drying and wetting and reduced consistency between ERA5 

and station data, highlighting the strong regional variability of precipitation in the WM. The simulated precipitation response 

differs more markedly from observations than for temperature. In winter, the ensemble mean shows a dipole-like structure, 

with wetting trends in the northern WM and drying in the south, in contrast to the more uniformly negative observed 265 

tendencies (Fig. 1f,h). Moreover, large areas are masked due to low model agreement, indicating substantial inter-model 

spread. In summer, models simulate a more spatially coherent drying signal, particularly over the Iberian Peninsula; 

however, this contrasts with the patchier and regionally heterogeneous patterns seen in observations. 

 

To further characterise these differences at the regional scale, the WM domain is partitioned into sub-regions (Fig. 1i), which 270 

are analysed in detail in Fig. 2. 

 

Temperature trends are consistently positive across nearly all regions and datasets (ERA5, CRU, Berkeley Earth), with 

stronger warming in summer than in winter (Fig. 2a-b). In winter, however, some regional differences emerge. In particular, 

region R2 does not exhibit significant trends in any observational dataset, and even shows weak negative (non-significant) 275 

trends in CRU data (Fig. 2a). In summer, the magnitude and spatial distribution of warming vary across observational 

products. ERA5 shows the strongest warming over R5 and R6, whereas CRU and Berkeley Earth do not consistently 

reproduce this sub-regional amplification (Fig. 2b). Overall, the observational datasets display substantial spatial variability 

in the magnitude of warming across the WM sub-regions, highlighting the observational uncertainty within the WM. In 

contrast, models simulate a more spatially homogeneous warming signal, with significant positive trends dominating across 280 

most regions in both seasons. While models broadly capture the widespread nature of warming, they show limited agreement 

on the relative magnitude of trends between sub-regions, failing to consistently reproduce the spatial contrasts seen in 

observations (Fig. 2a-b). This may partly reflect the relatively coarse spatial resolution of global climate models (Table 1), 

which limits their ability to resolve fine-scale regional processes influencing sub-regional warming patterns. 

 285 

Precipitation trends exhibit substantially greater spatial variability and lower consistency across datasets (Fig. 2c-d). In 

winter, all observational datasets (ERA5, CRU, and GPCC) indicate predominantly negative trends across the WM. At the 

scale of the full domain (WM), ERA5 and CRU show significant negative trends, while CRU additionally indicates 

significant trends in R5. Notably, all three datasets agree on significant drying in region R7 (southwestern Iberian Peninsula 
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and northern Africa), making it one of the most robust subregional signals (Fig. 2c). In summer, precipitation trends are 290 

more heterogeneous. ERA5 does not show significant trends in any subregion, whereas CRU indicates significant drying in 

R4, R6, and R7. GPCC also shows significant negative trends in R6 and R7. In contrast, regions R2 and R3 display weak 

positive (non-significant) tendencies across datasets (Fig. 2d). Model results for precipitation are highly variable in both 

seasons, with no consistent tendency towards either drying or wetting across regions. This lack of agreement persists even in 

regions where observational datasets show coherent signals, such as winter drying in R7. The large inter-model spread and 295 

inconsistency in the sign and significance of trends highlight substantial uncertainty in the simulated precipitation response, 

with potential implications for the robustness of subsequent attribution analyses (Fig. 2c-d). 

 

 
Figure 2: Sub-regional trends in temperature and precipitation across the Western Mediterranean (WM). Columns represent the 300 
WM sub-regions defined in Figure 1i, while rows correspond to observational datasets (ERA5, CRU, Berkeley Earth for 

temperature; ERA5, CRU, GPCC for precipitation) and individual CMIP6 models. Values indicate linear trends over the 1951–

2020 period for (a) winter temperature, (b) summer temperature, (c) winter precipitation, and (d) summer precipitation. 

Statistically significant trends are highlighted in bold.  
 305 
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Building on the regional discrepancies identified above, in the next section, models are evaluated according to their ability to 

reproduce the observed spatial patterns of temperature and precipitation trends. This assessment is used to define a subset of 

models for the subsequent detection and attribution analysis. 

 

3.1 Model selection 310 

To ensure a consistent basis for the detection and attribution analysis, models were first evaluated according to their ability 

to reproduce the observed spatial patterns of sub-regional trends (Fig. 2). ERA5 was used as the reference dataset, as the 

regionalisation framework applied in this study was originally derived from this dataset (see Sect. 2.1). The ensemble mean 

of each model was considered (see Sect. 2.1). All seasons were considered in the analysis (Fig. S2 in the Supplement). 

 315 

The evaluation for temperature trends is summarised in Fig. 3. Despite the overall agreement in the sign of warming across 

the WM, models show limited skill in reproducing the spatial distribution of sub-regional trends. Correlations between 

observed and simulated seasonal trends remain below 0.6 for all models (Fig. 3a), indicating substantial discrepancies in the 

representation of regional contrasts. In addition, most models exhibit a normalised standard deviation below one, reflecting 

an underestimation of the spatial variability of temperature trends. These deficiencies are consistent with the homogenised 320 

warming patterns identified in Figure 1 and the reduced spatial contrasts seen in Fig. 2. However, it is worth noting that the 

use of the ensemble means rather than individual ensemble members reduces internal variability and may smooth the 

magnitude of simulated trends, which could partly contribute to the differences with the reference dataset. 

 

For precipitation, model performance is further degraded. Correlations do not exceed 0.5 for any model, and the spread in 325 

simulated trends is large across regions and seasons (Fig. 4a). This confirms the strong inter-model variability and the 

limited ability of models to reproduce the observed spatial structure of precipitation trends highlighted in Fig. 2. As for 

temperature, these discrepancies do not arise from an inability to represent the mean climate or the distinction between sub-

regions (Fig. S3 and S4 in the Supplement), but rather from limitations in simulating long-term trend patterns. 

 330 

Given the generally low skill across models –particularly for precipitation– a pragmatic selection criterion based on the sign 

of the spatial correlation (r > 0) was adopted. This ensures that only models capturing, at a minimum, the regional-scale 

spatial structure of observed trends are retained for attribution. Based on this criterion, 9 out of 11 models are selected for 

temperature, excluding BCC-CSM2-MR and HadGEM3-GC31-LL. For precipitation, 7 models satisfy this condition: 

ACCESS-ESM1-5, CanESM5, FGOALS-g3, HadGEM3-GC31-LL, IPSL-CM6A-LR, MIROC6, and MRI-ESM2-0 (Fig. 3a 335 

and 4a). 
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Figure 3: Model evaluation for temperature trends over the Western Mediterranean. (a) Taylor diagram based on seasonal sub-340 
regional trends. The grey star denotes ERA5 as the reference dataset, triangles represent other observational datasets, and circles 

represent individual models. (b) Sub-regional winter temperature trends from ERA5 (grey), all models (green), and the selected 

model subset (orange). Triangles indicate trends from additional observational datasets. Coloured bars show the mean trend for 

each group, and vertical lines indicate the 10th–90th percentile range. (c) Same as (b), but for summer. 
 345 

The use of the model subset leads to clearer modifications in the representation of precipitation trends than from 

temperatures. In winter, the subset better captures the observed drying signal in key regions such as R5 and R7, reducing 

inter-model spread and correcting the sign of the ensemble-mean trend (Fig. 4b). Similar modifications are found in summer, 

particularly in R7, where the subset more consistently reproduces negative trends (Fig. 4c). In other regions, more moderate 

gains are observed, including a better representation of trend magnitude and reduced dispersion across models, generally 350 

bringing the simulated trends closer to the observational estimates. For temperature, the impact of the model selection is 

more limited, with only marginal differences relative to the full ensemble in both seasons (Fig. 3b-c), reflecting the already 

coherent warming signal across models. 

 

However, some discrepancies persist in specific regions and seasons. In particular, models still struggle to reproduce 355 

observed trends in regions such as R2 for winter temperature and in parts of the domain for precipitation. It should be noted, 

however, that observational datasets themselves exhibit non-negligible differences in the magnitude and spatial distribution 

of regional trends (Fig. 4). These remaining limitations highlight the uncertainty associated with regional-scale trends and 
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are accounted for in the interpretation of the subsequent detection and attribution results, with low-confidence regions 

masked where appropriate. 360 

 

 
Figure 4: As in Figure 3, but for precipitation trends. 
 

3.2 Detection and attribution of temperature trends 365 

Based on the SNR and ToE approaches, the emergence of forced temperature trends from internal variability was assessed 

across the WM sub-regions. The emergence of temperature trends from internal variability is robust across all regions of the 

WM (Fig. 5a-b). The SNR exceeds the emergence threshold (|SNR| > 2) in all regions and for both seasons, indicating that 

the simulated forced signal is clearly distinguishable from internal variability. Emergence generally occurs earlier in 

summer, around the early 2000s (50-year-long trends), whereas in winter it is slightly delayed. It should be noted that this 370 

framework, on its own, assesses the detectability of the forced signal within the model ensemble, rather than providing direct 

attribution of observed trends. 

 

The categorical classification framework places the observed trends in the context of the model-simulated distributions (Fig. 

5c–d). Most regions are classified as Category +2, indicating detectable observed trends that are consistent with the range of 375 

model responses under all forcings. Exceptions are limited and largely confined to winter. In R2, observed trends are 

classified as non-detectable (Category 0) for ERA5 and Berkeley Earth, and as sign-inconsistent (Category -4) for CRU, 
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reflecting the weak or negative observed trends in this region. Additional non-detectable cases (Category 0) occur in R3 

(CRU and Berkeley Earth) and R5 (CRU). Additionally, R6 in ERA5 is classified as Category +3, indicating a detectable 

trend that lies outside the model-simulated range and suggesting a potential underestimation of warming magnitude by 380 

models (Fig. 5c). In summer, classifications are almost exclusively Category +2, with the only exception being R2 in ERA5, 

which falls into Category +1, indicating a detectable but weaker-than-simulated response (Fig. 5d). This framework provides 

a useful way to interpret the detectability and consistency of observed trends relative to the range of model-simulated 

responses. 

 385 

 
Figure 5: Detection and attribution of temperature trends over the Western Mediterranean. (a-b) Signal-to-noise ratio (SNR) as a 

function of trend length for (a) winter and (b) summer, based on model simulations. The horizontal dashed line indicates the 

emergence threshold (|SNR| = 2). (c-d) Fraction of Attributable Risk (FAR; numbers) and attribution classification categories 

(colours) for (c) winter and (d) summer, across sub-regions and observational datasets (ERA5, CRU, Berkeley Earth). Bold 390 
numbers indicate statistically significant differences between the Historical and Nat-only distributions based on a Kolmogorov–

Smirnov test. 
 

FAR analysis provides a quantitative estimate of the anthropogenic contribution to the observed trends (Fig. 5c-d). In both 

seasons, across most regions and observational datasets, FAR values exceed 0.95, indicating that anthropogenic forcing 395 

accounts for the vast majority of the probability of the observed warming trends. In summer, FAR values are consistently 

very high (~0.99) across all regions and datasets (Fig. 5c). In winter, slightly lower values are found in specific regions, most 
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notably in R2, where FAR ranges from 0.80 to 0.90 depending on the dataset, and in R3 and R5, where moderate reductions 

are also observed (Fig. 5d). These deviations are primarily associated with weaker or less consistent observed trends in these 

regions. Additionally, the Kolmogorov–Smirnov test results indicate that the distributions of trends under all forcings and 400 

natural-only forcings are statistically distinct in all regions and seasons, supporting the robustness of the FAR values 

obtained. The distributions of temperature trends used for these analyses are shown in Fig. S6 in the Supplement. 

 

Overall, the three complementary approaches –SNR, categorical classification, and FAR– provide a coherent picture of 

robust detection and anthropogenic attribution of temperature trends across the WM, with only limited regional and seasonal 405 

deviations. 

 

 
Figure 6: Estimated temperature trends for 1951-2020 across the Western Mediterranean subregions using the selected model 

subset for (a) winter temperature and (b) summer temperature. Bars show the best‐estimate trends derived from the statistical 410 
model for observations (OBS, grey), greenhouse gas forcing only (GHG-only, pink), anthropogenic aerosols only (AAer-only, 

purple), and natural forcing only (Nat-only, green). Simulations with all forcings from the Historical experiments are also shown 

(Hist, turquoise). Best estimates correspond to 𝒀C∗ for OBS and 𝑿E>∗ for the single-forced experiments, while error bars indicate the 

95% confidence intervals.  
 415 
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To further investigate the contribution of individual external forcings to the observed temperature trends, a statistical 

detection and attribution analysis based on additive decomposition and maximum likelihood estimation was applied. This 

framework uses the best‐estimate climate responses associated with each forcing to evaluate their consistency with the 

observed changes. 

 420 

The results indicate a dominant contribution from greenhouse gas forcing across all regions of the WM (Fig. 6). In both 

seasons, the trends derived from the best estimates of the greenhouse-gas response (GHG-only) are consistently positive and 

generally larger than the observed trends. In contrast, the trends obtained from the best estimate of the combined forcing 

response (Hist) are closer to the observed values, indicating that additional forcings partly offset the strong warming 

associated with greenhouse gases alone. 425 

 

In winter, the GHG-induced warming varies across the region, with the strongest response occurring in R8 on the eastern 

side of the basin (+0.26 °C decade-1, 95% CI: 0.14–0.38). Anthropogenic aerosols partly compensate for this warming, 

producing negative trends in most regions, although these are generally not statistically significant. The strongest aerosol-

induced cooling is estimated in R2 (–0.07 °C decade-1; 95% CI: –0.15 to 0.009) (Figure 6a). During summer, the GHG-430 

induced warming is even stronger and peaks in R5 and R6 on the western side of the Western Mediterranean, with mean 

trends around +0.35 °C decade-1. In contrast, the aerosol-induced cooling in summer is generally weak and not statistically 

significant across the region, although slightly larger negative contributions appear in R5, R6, and R7 in the southwestern 

part of the basin (Fig. 6b). The estimated response to natural forcing remains small and not statistically distinguishable from 

zero across all regions and seasons, indicating a negligible contribution to the observed long-term warming. 435 

 

The statistical consistency of the different forcing models is further assessed using the 𝜒@ test under the null hypothesis that 

the observed trends are consistent with the simulated forced responses (Table S2 in the Supplement). Across all regions and 

seasons, the model including all forcings (the sum of GHG-only, AAer-only and Nat-only) shows the highest p-values and 

cannot be rejected at the 5% significance level, indicating that the observed temperature trends are consistent with the 440 

combined response to external forcings. The GHG-only simulation also yields relatively high p-values in most regions, 

although generally lower than those of the all-forcing model, highlighting greenhouse gases as the dominant driver of the 

warming signal. In contrast, models including only anthropogenic aerosols, natural forcing, or internal variability show 

substantially lower p-values, particularly in summer, where they are frequently close to zero. These results indicate that these 

factors alone cannot explain the observed warming trends. The separation between forcing contributions is less pronounced 445 

in winter in some regions (e.g., R1, R2, R3, and R8), reflecting the weaker and more spatially heterogeneous winter warming 

signal. 
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3.3 Detection and attribution of precipitation trends 

In contrast to temperature, precipitation trends do not emerge from internal variability across the WM. The SNR remains 450 

below the emergence threshold (|SNR| > 2) in all regions and for both seasons (Fig. 7a-b), indicating that the simulated 

forced signal cannot be robustly distinguished from the models’ internal variability. This result is consistent with the analysis 

presented in Fig. 2, where precipitation trends are generally weak and statistically non-significant across most subregions. 

This suggests that the effect of externally forced changes in regional precipitation remains small relative to the large internal 

variability. 455 

 

 
Figure 7: Detection and attribution of precipitation trends over the Western Mediterranean. (a-b) Signal-to-noise ratio (SNR) as a 

function of trend length for (a) winter and (b) summer, based on model simulations. The horizontal dashed line indicates the 

emergence threshold (|SNR| = 2). (c-d) Fraction of Attributable Risk (FAR; numbers) and attribution classification categories 460 
(colours) for (c) winter and (d) summer, across sub-regions and observational datasets (ERA5, CRU, GPCC). Bold numbers 

indicate statistically significant differences between the Historical and Nat-only distributions based on a Kolmogorov–Smirnov 

test.  
 

The categorical classification analysis further reflects this lack of a coherent forced signal. In winter, observed trends in most 465 

regions are classified as sign-inconsistent with the model-simulated response; Category -4 is found in regions R1, R4, R8, 

and R9. Category -3, indicating a negative observed trend that lies outside the model-simulated range, is found for the WM 

as a whole as well as for R6 and R7 across the three observational datasets (Fig. 7c). In summer, the classification becomes 
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more diverse across regions and datasets, without a clear regional-scale pattern. For the WM as a whole, trends are classified 

as non-detectable in ERA5 and CRU (Category 0) and as Category -2 in GPCC (Fig. 7d), although the negative trend in 470 

GPCC is not statistically significant (Fig. 2d). Some regions show sign-inconsistent categories, such as Category -4 in R1 for 

all datasets and Category +4 in R2, R3, R5, and R8. Finally, statistically significant negative trends categorised as Category -

2 (detectable and attributable) are limited to R5 in winter for all datasets and R6 in summer for CRU and GPCC (Fig. 2 and 

7). The precipitation trend distributions used for this analysis are shown in Fig. S7 in the Supplement. 

 475 

FAR results also indicate limited and regionally inconsistent attribution signals. In winter, relatively high FAR values (>0.9) 

are obtained in R5 and R7, suggesting a possible anthropogenic contribution to the probability of the observed trends in these 

regions. However, for the WM as a whole, FAR values are substantially lower (around 0.6–0.7) (Fig. 7c). In summer, FAR 

values are generally lower and more variable, with values around 0.5–0.8 in R6 and R7 but lower values (0.2–0.6) across 

most other regions and the WM as a whole (Fig. 7d). The robustness of these FAR estimates is limited: the Kolmogorov–480 

Smirnov test indicates that in most regions, the distributions of trends under all forcings and natural-only forcings are not 

statistically different. This implies that even relatively high FAR values in some regions cannot be interpreted as robust 

evidence of attributable trends. 

 

 485 
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Figure 8: Estimated precipitation trends for 1951-2020 across the Western Mediterranean subregions using the selected model 

subset for (a) winter precipitation and (b) summer precipitation. Bars show the best‐estimate trends derived from the statistical 

model for observations (OBS, grey), greenhouse gas forcing only (GHG-only, pink), anthropogenic aerosols only (AAer-only, 

purple), and natural forcing only (Nat-only, green). Simulations with all forcings from the Historical experiments are also shown 

(Hist, turquoise). Best estimates correspond to 𝒀C∗ for OBS and 𝑿E>∗ for the single-forced experiments, while error bars indicate the 490 
95% confidence intervals.  
 

The statistical attribution using the additive decomposition framework confirms that precipitation trends in the WM are 

largely dominated by internal variability, with very limited evidence of an externally forced signal. The observed trends 

(from the best estimates 𝑌<∗) are generally small and not statistically significant across regions and seasons, except for R5 in 495 

winter, where a negative trend inconsistent with zero is observed (Fig. 8). The 𝜒@ p-values further highlight the lack of a 

robust signal; only in R5 for winter, the p-values indicate that observed trends are inconsistent with internal variability 

(Table S3 in the Supplement). During summer, trends derived from GHG-only forcing are consistently negative and 

significantly different from zero in most regions, while trends associated with anthropogenic aerosols (AAer-only) are 

mostly positive, suggesting a potential counteracting effect between these forcings. However, given the absence of detectable 500 

signals in the observations and the large uncertainties across regions, these model-derived responses should be interpreted 

cautiously and primarily as an indication of the behaviour simulated by the models rather than as robust evidence of 

externally-forced changes in observed precipitation. 

 

Overall, the different attribution approaches consistently indicate that precipitation trends across the WM cannot be robustly 505 

detected or attributed to anthropogenic forcings over the study period. Results remain highly heterogeneous across regions, 

seasons, and observational datasets, and are generally consistent with a dominant role of internal variability. 

4 Discussion 

The Western Mediterranean (WM) has been widely identified as one of the regions most affected by ongoing climate 

change, where recent temperature and precipitation trends reflect both global forcings and complex regional processes (Ali et 510 

al., 2022; Cherif et al., 2020; Jézéquel et al., 2025). Understanding the relative contribution of anthropogenic and natural 

drivers is therefore essential to interpret the observed changes and their implications for the region’s future climate. In 

particular, the period since the mid-twentieth century includes a decline in winter precipitation beginning in the 1950s, 

whose causes remain debated between internal variability and externally forced responses (e.g., Seager et al., 2025). 

 515 

In this study, seasonal temperature and precipitation trends during 1951–2020 are analysed across climatically derived sub-

regions of the WM using observational datasets and a multi-method attribution framework. By combining several 
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complementary approaches –including the Signal-to-Noise Ratio (SNR), Fraction of Attributable Risk (FAR), distribution-

based comparisons, and optimal fingerprinting– together with a performance-based selection of CMIP6 models and their 

Detection and Attribution (DAMIP) single-forcing experiments, this study provides a robust assessment of the drivers of 520 

recent regional climate trends. 

 

However, both observational uncertainty and model limitations complicate the interpretation of trends in the WM. 

Differences between observational datasets can be substantial, particularly for precipitation and at sub-regional scales. In 

addition, global climate models often struggle to accurately reproduce the probability distribution of regional trends (Philip 525 

et al., 2020; Van Oldenborgh et al., 2013; Vicente-Serrano et al., 2022), before any attribution analysis, a filtering step was 

applied based on the spatial representation of observed trends following the regionalisation from Campos et al. (2025). 

 

The results reveal a clear emergence of anthropogenic influence on temperature trends across the WM. The SNR analysis 

indicates that temperature signals exceed twice the amplitude of internal variability (|SNR| > 2) in all sub-regions, suggesting 530 

that the forced signal has robustly emerged from the background noise of natural variability. The FAR analysis further 

supports this result, showing that anthropogenic forcings account for more than 95% of the probability of the observed 

warming in most regions during summer, with similarly high contributions in winter. Comparable attribution results have 

been reported at broader spatial scales, where anthropogenic forcing has been shown to dominate observed warming trends 

across Europe and the Mediterranean basin (e.g., Feng et al., 2022; Stott, 2003). 535 

 

The analysis of single-forcing simulations indicates that greenhouse gas (GHG) emissions are the dominant driver of the 

observed warming, especially in summer. In contrast, anthropogenic aerosols (AAer) exert a cooling influence that partially 

offsets the GHG-induced warming. This behaviour is consistent with the historical evolution of aerosol emissions during the 

second half of the twentieth century. The cooling effect associated with aerosols during the so-called “global dimming” 540 

period (approximately 1950–1980; Wild, 2012) has been documented over Europe and the Mediterranean (Nabat et al., 

2014; Pfeifroth et al., 2018), however the spatial pattern of the aerosol response is not uniform across the WM, with a 

stronger and more homogeneous cooling signal in winter, while in summer the influence is more pronounced over the 

southwestern sub-regions. An exploratory analysis of the period 1981-2020 suggest a shift in the aerosol response to 

warming (not shown), as a result of the reduction in aerosol emissions since the 1980s (Floutsi et al., 2016; J. Li et al., 2014) 545 

has led to a “brightening” phase that has contributed to the accelerated warming observed in recent decades (Glantz et al., 

2022; Urdiales-Flores et al., 2023). 

 

In contrast to temperature, precipitation trends across the WM remain largely within the bounds of internal variability. The 

SNR analysis shows that precipitation signals have not yet emerged from the models’ internal variability in all sub-regions. 550 

This limited detectability is consistent with the observational analysis, which shows that precipitation trends are generally 
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weak and statistically non-significant across most subregions. Although some regions in the southern and southwestern WM 

display signals approaching detectability, particularly in northern Africa (R5), the overall results indicate that externally 

forced precipitation changes remain difficult to identify in observations. These findings are consistent with previous studies 

highlighting the strong role of internal variability in shaping Mediterranean precipitation trends in recent decades (e.g., 555 

Campos et al., 2025; Seager et al., 2025; Vicente-Serrano et al., 2022), despite consistent model projections indicating a 

drying signal emerging in the future (Cos et al., 2022a; Giorgi & Bi, 2009; Mariotti et al., 2008, 2015; Olmo et al., 2025; 

Seager et al., 2024). 

 

In addition, the additive decomposition framework indicates that internal variability cannot be rejected as an explanation for 560 

the observed precipitation trends across most regions and seasons. Only in northern Africa (R5) during winter does the 

analysis suggest that the observed trend is inconsistent with internal variability; however, as discussed above, observational 

constraints in this region remain limited, with fewer available station records and reduced consistency across datasets, which 

calls for caution in the interpretation of this regional signal. Model-derived responses nevertheless provide insight into how 

different forcings may influence regional precipitation. Simulations driven by GHG produce negative precipitation trends in 565 

the southeastern regions (R5 and R7) during winter. During summer, the simulated responses reveal a contrasting behaviour 

between external forcings: while GHG forcing tends to produce drying, AAer are associated with weak positive precipitation 

trends, suggesting a partial counteracting effect between these forcings. A similar contrast between GHG-induced drying and 

aerosol-related moistening has also been reported in projections of future Mediterranean precipitation (Wang et al., 2023). 

However, given that internal variability cannot be rejected as the primary explanation for the observed trends, these 570 

simulated responses cannot be interpreted as robust explanations of the observed precipitation behaviour. 

 

The use of multiple detection and attribution approaches provides complementary perspectives on the drivers of recent 

climate trends in the WM. Each method captures different aspects of the attribution problem and therefore helps strengthen 

the robustness of the overall conclusions. The convergence of independent methods for temperature –all indicating a robust 575 

anthropogenic signal dominated by greenhouse gas forcing– increases confidence in the attribution results. In contrast, for 

precipitation, the different approaches consistently reinforce the interpretation that internal variability remains the dominant 

driver of observed trends. 

 

At the same time, several limitations should be acknowledged. All approaches rely on climate model simulations to estimate 580 

both the forced response and internal variability, implying that potential model biases or structural uncertainties may 

influence the attribution results. In addition, assumptions such as the additivity of forcing responses or the representativeness 

of pre-industrial control simulations for estimating internal variability may not fully capture the complexity of regional 

hydroclimate dynamics. The regional analysis adopted here –necessary to represent the pronounced climatic heterogeneity of 

the WM, where multiple dynamical processes influence temperature and precipitation variability (Olmo et al., 2024)– also 585 
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poses challenges for global climate models, which still operate at relatively coarse spatial resolutions. The subset of models 

used for the detection and attribution analysis was selected based on their ability to reproduce the observed spatial contrasts 

in trends across subregions, rather than their capacity to match the exact magnitude of observed trends within each individual 

region. This filtering aimed to retain models that capture the regional heterogeneity of the WM climate response. Sensitivity 

analyses performed without this model selection yield qualitatively similar results for both temperature and precipitation (not 590 

shown), although with increased noise, particularly for precipitation in the southwestern subregions, where observational 

datasets show relatively coherent signals. 

 

Observational limitations represent an additional source of uncertainty (González‐Hidalgo & Vicente‐Serrano, 2025; 

Vicente-Serrano et al., 2025). The network of ground stations fully available for comparison is relatively sparse and 595 

unevenly distributed across the region, limiting the ability to fully assess the robustness of spatial patterns derived from 

gridded datasets, which do not always agree in the magnitude or spatial distribution of temperature and precipitation trends 

across the WM. 

 

Future work should also further investigate other aspects of sub-regional climate change in the WM, particularly the 600 

behaviour of extreme events under continued global warming and their links to changes in atmospheric dynamics and 

physical processes. Such analyses would help to provide a more comprehensive understanding of the mechanisms driving 

regional climate responses. 

5 Conclusions 

This study assessed the detection and attribution of seasonal temperature and precipitation trends during 1951-2020 across 605 

climatically derived subregions of the Western Mediterranean using a multi-method framework and CMIP6 DAMIP single-

forcing experiments. Results reveal a robust anthropogenic influence on temperature across all regions, with forced signals 

clearly emerging from internal variability. Greenhouse gas emissions are identified as the dominant driver of the observed 

warming, while anthropogenic aerosols exert a cooling influence that partially offsets the greenhouse gas-induced warming. 

The strongest greenhouse-gas-driven warming is simulated in summer over the southwestern subregions, while slightly 610 

weaker and more heterogeneous signals occur in some northern regions during winter. 

 

In contrast, precipitation trends across the Western Mediterranean remain largely consistent with internal variability over the 

study period. None of the attribution approaches provide robust evidence of externally forced precipitation changes across 

most regions and seasons, despite model simulations indicating potential drying responses to greenhouse gas forcing in some 615 

areas. Only northern Africa in winter shows signals approaching detectability, although observational limitations in this 

region introduce substantial uncertainty. These results highlight the contrasting detectability of temperature and precipitation 
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responses to external forcing in the region and underline the importance of regional-scale attribution frameworks and careful 

model evaluation for improving the understanding of Mediterranean climate change. 

Code availability 620 

All the Jupyter Notebooks and codes used for the analysis will be available in a GitHub repository after acceptance. 
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